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Abstract
Heart rate variability,important marker for modulation of autonomic nervous
system is studied for diabetic,hypertensive and control group of subjects.Lagged
Poincare´ plot of heart rate(HR),method of principal component analysis and auto-
correlation of HR fluctuation are used to analyze HR obtained from ECG signal
recorded over short time duration.The parameters (SD1),(SD2) and their ratio
(SD12),characterizing the Poincare´ plot reveal a significant reduction of their val-
ues for diabetic and hypertensive subjects compared to the corresponding results of
control one.The slope and the curvature of the plot of these parameters with lagged
number exhibit similar trend.In particular,the curvature of (SD12) for the control
group differs widely from that of other groups.The principal component analysis is
used for analysing multi-dimensional data set resulting from the Poincare´ plot for
all subjects.The correlation matrix points out significant correlation between slope
and curvature.The analysis demonstrates that three groups are well separated in the
domain of two significant principal components.The auto-correlation of HR fluctu-
ation exhibits highly correlated pattern for subjects with health disorder compared
to that of control subject.
Keywords: Heart Rate Variability;Poincare´ analysis;Principal Compo-
nents;Diabetic;Hypertensive.
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1 Introduction
The heart rate (HR) is obtained from the measurement of two consecu-
tive R-R interval in ECG signals and is regulated predominantly by au-
tonomous nervous system(ANS).The variability in HR,coined as heart rate
variability (HRV),is a measure of the RR-interval fluctuations that origi-
nates from rhythmic cardiac activity. HRV is primarily controlled through
non-additive activity of the sympathetic and parasympathetic branches
of ANS.Sympathetic response increases the heart rate whereas parasym-
pathetic does the reverse. Any disorder in health condition resulting in
dysfunction of autonomous nervous system would alter heart rate and will
be reflected in the change of HRV. The measurement of heart rate vari-
ability(HRV) being non-invasive,sensitive,faster and reproducible,is most
widely utilized to assess cardiovascular autonomic dysfunction [1] -[6].A
number of indices of HRV obtained from the detailed and sophisticated
analysis seem to establish notable relationship between ANS and various
diseases [2][3]. A decreased HRV values represent a well-known marker of
potential cardiovascular risk for these patients where heart rate is reduced
due to ANS dysfunction [7].A disfunction is often prevalent to patients
with prolonged illness like hypertension [8],[9] and diabetic [10], [11], [12].
The HRV is traditionally quantified from HR data using linear mea-
sures in the time and frequency domain.The data acquired for long time
provides better measure in frequency domain. However, it is inconvenient
for subjects for long time ECG recording in a given position and also time
consuming.The spectral analysis in frequency assumes stationarity of sig-
nal and sudden changes in HR results power spectrum which often difficult
to interpret.The power spectrum of HR signal provides the power in high
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frequency (HF) band (0.15-0.4 )Hz representing mostly of parasympathetic
response and low frequency (LF) band (0.04−0.15 )Hz resulting from com-
bined influence of sympathetic and that (albeit small) parasympathetic
responses.The ratio of power LF/HF is often considered as a measure of
sympathovagal balance [1].Simpler method to assess complex non-linear
behavior in the study of physiological signals is Poincare´ plot [2], [13],[14] .
The Poincare´ plot,often used in the study of non-linear dynamics, depicts
graphically HR fluctuation and it is scattered plot where each RR interval is
plotted against its next interval. The plot uses unfiltered data and simpler
to study dynamics of heart variability.The scattered plot of RR intervals
forms a cluster and the visual inspection of the shapes of the cluster in the
Poincare´ plot is a helpful to find the quality of recorded ECG signals and
identification of premature and ectopic beats [15],[16].The studies based on
short-term HRV with epochs as short as 300 beat to beat interval (around
5 minutes of ECG recording) in time domain suggest that the measures are
better reproducible than frequency domain measures [3].The measures are
different in two domains but are not mutually independent due to strong
correlation between the parameters.As a result any additional information
useful for better discrimination of subjects with cardiovascular deregula-
tion are limited [17].Therefore,the search for new parameters,which are
able to provide additional information embedded in the HRV signals is
important area of research.In the plot it is implicitly assumed that two
successive R-R intervals are well correlated.This assumption lends itself to
further penalization to lagged Poincare´ plots by plotting RRi+m against
RRi where m represents the distance (in number of beats) between duplet
beats.It is assumed that the heart is controlled by a nonlinear deterministic
system and therefore nonlinear analysis of HRV is expected to provide bet-
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ter information [2], [18],[19].The Lagged Poincare´ method,an extension of
conventional Poincare´ one has been found to be a better quantitative tool
[20] and is substantiated from some studies on Chronic Renal failure (CRF)
subject populations [21],Congestive Heart Failure (CHF)[22], diabetic sub-
jects [23],[25] and rotatory audio stimulation [26].Different methodology
for non-linear analysis of HRV are being evolved [19]. The methods like
3-D return mapping [27], wavelet analysis [6],detrended fluctuation analy-
sis (DFA) [28], [29], [30] have been applied to extract different aspects of
variability of heart rate.
In this work,the heart rate variability of diabetic, hypertensive and control
subjects are studied in time domain from ECG signal of short duration.The
variability are analyzed using measures obtained from the lagged Poincare´
plot,the Principal component analysis (PCA) and the correlation of HR
fluctuation.The study is aimed to explore possibility of finding a specific
outcome that differentiate three groups easily.
2 Method
Subjects were chosen from the out-patient department of SSKM/IPGMER
Hospital,Kolkata as per inclusion and exclusion criteria of the study.Each
of them was explained about the object of study,and written consent was
taken.Permission of the Institutional ethical committee of the hospital was
taken.The total number of subjects in this project was 118 and was divided
into three groups 1) control (C), 2) diabetics (DM) and 3) hypertensive
(HTN) with the population 49,34 and 35 respectively.Most of the subjects
came from low income social strata.The average age of HTN group was
55± 19 years whereas that of others were in range 47± 18 years.The ECG
data were recorded in supine position for 6 minutes duration with lead
4
II configuration at the sampling rate of 500Hz.The RR interval were ex-
tracted from the ECG data with the help of ORIGIN software.The peaks
other than regular one were discarded in the analysis.
Poincare´Plot
The Poincare´ plot is a scatter plot of RRi vs. RRi+1 where RRi is the time
interval between two consecutive R peaks and RRi+1 is the time between
the next two successive R peaks [1],[3],[18],[13],[20].Apart from this con-
ventional plot (RRi+1 vs. RRi), we also used the generalized Poincare´ plot
with different intervals,including the m-lagged Poincare´ plot (the plot of
RRi+m against RRi).The plot is fitted with an ellipse with semi-major axis
as bisector of plot axes.On the plot,the semi-minor axis is the width and
the semi-major part is the measure of the length of the ellipse. The ellipse-
fitting technique provides three indices: width,length and their ratio which
are respectively referred as (SD1),(SD2) and SD12 = SD1/SD2. The pa-
rameter (SD1) is the measure of the standard deviation of instantaneous
beat-to-beat interval variability and (SD2) is that of the continuous long-
term RR interval variability.The ratio SD12 = SD1/SD2 is the relative
measure.The lagged-Poincare´ plot provides these parameters for different
lag m.All parameters are an increasing function of m.The growth of the
parameters with m can be quantified by the slope and the curvature of
the respective curve and as their values are variable the largest values that
occurred near m = 1 are most relevant for characterization of growth with
m.
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Principal Components Analysis
Principal component analysis (PCA) is a statistical procedure by which
a large set of correlated variables can be transformed to a smaller num-
ber of independent new set of variable without throwing out essence of
original data set [31].The new set of variables are referred as the prin-
cipal components (PCs).They are linear combination of original one with
weights that form orthogonal basis vectors.These basis vectors are eigenvec-
tors of covariant or correlation matrix of data set.Each component carries
new information about the data set,and is ordered so that the first few
components sufficiently provide most of the variability.The PCA is use-
ful procedure for data reduction,visualization and feature extraction from
multidimensional data. In this study the PCA is applied to the parame-
ters obtained from extended Poincare´ plot [31],[32].The variables namely
SD1,SD2,SD12 for lag m = 1 and maximum value of the slope and the
curvature of SD1,SD2,SD12 vs m are considered assuming that these pa-
rameters specify important features of the Poincare´ plot.As the parameters
have different units it is imperative to normalize their values to put them
so in same footing.The normalization was done so that the median of each
parameter of data set was 0 and the half-width of distribution was 0.5.The
dimensionality of data is therefore 9.The data set is presented as matrix
XM,N where there are M number of subject and N number of parameters
of the data and is given as
XM,N =

x1,1 x1,2 · · · x1,N
x2,1 x2,2 · · · x2,N
...
... . . .
...
xM,1 xM,2 · · · xM,N
 (1)
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The elements xi,j represents the jth parameter value of ith subject.The
covariance matrix C of normalized data was then obtained as
C =
1
M − 1X
TX (2)
The eigenvalues and the eigenvectors of matrix C are obtained for each
group using MATLAB programme.Out of N eigenvalues it turns out that
the first n (according to their magnitudes) values can account most of the
data and the corresponding n eigenvectors are considered as basis vectors
for calculation of principal components.The eigenvector is given by
ΨN,n =

ϕ1,1 ϕ1,2 · · · ϕ1,n
ϕ2,1 ϕ2,2 · · · ϕ2,n
...
... . . .
...
ϕN,1 ϕN,2 · · · ϕN,n
 (3)
The principal components PC can then be calculated from the matrix
equation
PCn,M = Ψ
TXT (4)
where PC is the matrix of nxM.The eigenvector is the measure of the
weight of data in determining the principal components and so PCn,M is
n principal component of M subject. The elements of covariant matrix
represent the amplitude of correlation between the Poincare´ parameters.
Correlation Function
In order to estimate the strength of the correlation and stationarity of the
heart rhythm the time-series of the increments of RRi) was constructed
and the correlation of deviation of successive beat interval was calculated.
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The auto-correlation function Corr(m) was obtained from the equation
Corr(m) =
1
σ
N∑
i
∆RRi∆RRi−m (5)
where σ is the normalizing factor Corr(0) and ∆RRi = RRi+1 − RRi is
the deviation between two consecutive beat interval.
2.1 Results and Discussions
The Poincare´ Parameters
A representative scattered Poincare´ plot for control (C),hypertensive (HTN)
and diabetic (DM) subjects with similar age are depicted in Fig.1 for all
three groups for m = 1 and m = 9.Each point represents a RR interval.The
left side figures are plots of two successive intervals whereas the points on
the right side figures represent the beat intervals are separated by 9 succes-
sive interval.Note that with lag the points are scattered in a nearly random
way.
The quantification of the results were followed from the calculation of
the Poincare´ indices. The values of (SD1) and (SD2) were calculated for
lag= m from the relations SD1(m) = (Φ(m) − Φ(0))1/2 and SD2(m) =
(Φ(m) + Φ(0))1/2, where the auto-covariance function Φ(m) is given by
Φ(m) = E[(RRi − RRM)(RRi+m − RRM)] and RRM is the mean of RRi
[24],[25]. We first analyze the results of indices for m = 1 for three groups.
The values SD1,SD2 and SD12 for each group for m = 1 are presented
in Fig.2 with mean (dot) ,median (line within box) and height of box marks
25, 75 percent which is measure of distribution of data.The mean value
of SD1 is lowest for DM group and that of HTN group lies in between
value of groups C and DM.Similar results follow for (SD2) albeit smaller
differences. Moreover, the distribution of variability is also reduced with
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Figure 1: The Poincare´ plot for control (C),hypertensive (HTN) and diabetic (DM) sub-
jects for m = 1 and m = 9.The length of semi-minor and semi-major axes of the repre-
sentative ellipse in plot RRi+1, RRi of control subject determines the parameters (SD1)
and (SD2) respectively.
diabetic condition.The health conditions like diabetic and/or hypertension
result shortening of both the short term and long term viabilities.As the
short term variability is more affected,it is a better measure to monitor the
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Figure 2: The box plot of (SD1),(SD2) and SD12 for control (C),hypertensive (HTN)
and diabetic (DM) subjects for lagm = 1.The colour black,green and red are used through
all figures for C,HTN and DM groups respectively.
HRV.On the other hand,the data on SD12 shows little contrast between
the groups.However,the analysis of an extended Poincareeˆ plot points out
importance of SD12 and opens up for new measure of HRV.The mean
values of SD1,SD2 and SD12 for different values of m are obtained from
RR interval of individual subject for each group and their variation with
m are shown in Fig.3.
The values of SD1 and SD12 are least for DM-group for all m.The
subjects with HTN have least values for SD2.As expected,all three param-
eters resulting from the Poincare´ plot for control group lies ahead of that of
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Figure 3: The plots are the variation with m of the mean values of SD parameters for
respective group.Points are measured values and the solid line is an approximate fitting.
other group.All parameters for each group are an increasing function of lag
variable m. We note that the growth rate of these parameters are higher
close to the origin. This non-linear variation can be characterized by the
slope and the curvature of plot.It is evident from scattered plot both the
slope and the curvature decrease with m.For large value of m the curvature
becomes negligible as SD12 approaches to unity.To estimate the slope and
the curvature we used the Pade´ approximation [25].A simple form for the
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Pade´ approximation is chosen for analysis of non-linear variation of these
parameters
Y =
a+ bm
1 + cm
(6)
where Y is either SD1,SD2 or SD12 and is represented by the ratio of
linear polynomial of m with three adjustable parameters a,b and c.The data
(scattered points)are fitted by varying the parameters and the solid curve
(Fig.3) is best fitted curve with R2 = 99.9 percent,and χ2 ∼ 10−6.The slope
and curvature of fitted curve had their large magnitude near m = 1. The
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Figure 4: The maximum value the slope and the curvature of plots obtained from fitted
curve for each parameter and three groups of subjects.Note the scale difference
maximum values of the slope and the curvature of each group as obtained
from fitted equation are depicted in Fig.4 for all three parameters.Both the
slope and the curvature of SD12 of control group are markedly different
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compared those other groups.In particular the value of the curvature for
subjects with DM is much smaller.Note that the box plot of SD12 did
not exhibit any distinguishable feature,the detail analysis of its variation
with lag points out the important role in assessment of HRV.We next
analyze in similar way the non-linear variation of the Poincare´ parameters
of all subjects using the Eq.6.The fitting of the data of three parameters
of each subject is obtained with R2 lying between 0.98 − 0.99.The slopes
and the curvature are obtained from the fitted curve.It is observed that the
slope and the curvature of SD12 exhibit larger variation compared to the
results of other two parameters.The curvature is negative and the slope is
of opposite sign for all cases.
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Figure 5: The box plot of the slope SD12 s (left) and the curvature SD12 c(right) of
SD12 of subjects of each group.
The maximum values of the slopes SD12 s and the curvature SD12 c
of SD12 − m plot for individual subject within each group are consid-
ered.The results for control(C-black),for hypertensive (HTN-green)and di-
abetic (DM-red) are summarized in box-plot(Fig.5).The magnitude of both
theses quantities for control group are far greater than those of other two
groups.This is a significant result.It was observed that the smaller value of
the curvature was associated with the deviation of normal cardiovascular
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function of patient [22].It is expected that the curvature tends to zero for
heart without innervation and is large for heart of young person whose
heart beat fluctuations are less correlated.We found that the young control
subject had large value of curvature as shown in Fig.5.Again,the spread of
the variation of both the quantities are much smaller for the HTN- and
DM- group.
Considering that the variation of SD12 with lag is more sharper, the values
of the curvature SD12 c of individual are replotted against the respective
value of slope SD12 s (left figure)and the age (right figure)(Fig.6). Con-
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Figure 6: Plot of the curvature (SD12 c) as a function of the slope (SD12 s)(left) and
as a function of age of the subjects(right) of SD12 (data of Fig.5) for all three group of
subjects.colour legend is same as in Fig.5
sidering that the variation of SD12 with lag is more sharper the values
of the curvature SD12 c of individual are replotted against the respective
value of slope SD12 s (left)and the age (right)(Fig.6). It appears that a
power law relationship (SD12 c ∼ SD12 sα) exits however large scatter-
ing of data for control group makes α variable.Set with larger number of
subject would help to establish the relationship. As regards the variation
with age the control group has larger scattering compared with other two
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groups.For hypertensive subjects of older age group the curvature is small
with very little variation.Similar results is found for diabetes.
Principal Component Analysis of Poincare´ Parameters
The parameters that come out from above analysis of the Poincare´ plot are
three SD1,SD2,SD12 and two quantities that defines their growth with
m namely-the maximum values of the slopes and the curvature.We have
used the principal component analysis to envisage the relative importance
of these 9 parameters. For convenient presentation, the result the parame-
ters SD1,maximum value of the slope SD1 s and that of curvature SD1 c
are denoted by number 1,2 and 3 respectively, and similarly 4 -9 refer to
others in same sequence.The covariant matrix has been constructed with
the normalized values following Eq.(2) and the matrix element represents
the correlation coefficients. The auto-correlation for normalized parame-
ters for the diabetic and control and group is depicted in Fig.7.The slope
and the curvature of a particular Poincare´ parameter is highly correlated
and negative value of the correlation coefficient is due to opposite sign of
the slope and the curvature.The parameters SD1,SD2 are strongly corre-
lated.On the other hand,SD12 is less dependent on other parameters.The
slope and the curvature of SD12 are strongly correlated.The behaviour of
the correlation coefficient for other group of subjects are similar in nature
with smaller values of correlation coefficients.
The eigenvalues and eigenvectors 9 are found from diagonalization of the
matrix C and the results are summarized in figures given below. The
eigenvalues εi of the correlation matrix exhibit identical trend for all three
groups with highest value for control group Fig.8. Only few eigenvalues
are of finite magnitude.Significance of eigenvalue is determined by its effi-
ciency in retrieving data.The efficiency is usually estimated by examining
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Figure 7: Plot of the correlation amplitudes which are elements of covariant matrix of two
groups control (C) and diabetic (DM).The X-axis number represents the SD-parameters,
marked (1− 9) as indicated below the figure.
by the relative weightage, defined as
∑i
1 εi/
∑9
i=1 εi.In present study the
first four eigenvalues yield more than 90 percent of the data as shown in
Fig.8.This amounts to large reduction of dimension of data. The two sig-
nificant eigenvectors (corresponding to two largest eigenvalues) for all three
groups are shown in Fig.9.Nearly 75 − 80 percent data are accounted by
these vectors.Inclusion of third PCA gives more than 90 percent data.The
differences in value of first eigenvector for three groups are prominent for
variable SD12.On the other hand values of second eigenvector are nearly
alike for deceased subjects and differ significantly from the control group
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Figure 9: Plot of the first two eigenvectors corresponding to first two eigenvalues.Legend
of marking (1− 9) is same as noted earlier.
in all nine variables.The nature of variation of this vector for control group
is similar to first one.It is evident that the curvature of plot SD’s -m plays
significant role in determining eigenvector.This in turn influences principal
components.
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(middle) and fourth one (right) for the three groups (control C(black), hypertensive
HTN(green) and diabetic DM(red)).The first principal component corresponds to highest
eigenvalue and others are obtained from next three eigenvalues.
The first four principal components for three groups are depicted in the
box-plot (Fig.10).The difference among three groups is largest for first prin-
cipal component.The width of distribution of the first principal component
is large for control group and decreases successively for hypertensive and
diabetic groups. Similarly,median values are wide apart.These differences
in the variance of distribution of width for higher principal component
number tend to vanish as shown in Fig.10.
The principal components corresponding to significant eigenvectors of
individual subjects of each group are examined in Fig.11.We analyse the
result with respect to the first principal component PC1 corresponding
to highest eigenvalue.The variation of other components (either single or
combination) vis-vis first one are then expected to elucidate importance
of PCA.The second PC2 and third PC3 component variation are given in
Fig.11 (a) and (b) respectively.Similarly, the plot (c) and (d) of Fig.11 de-
pict respectively the variation of sum (PC2+PC3) and (PC2+PC3+PC4)
with PC1.First thing to note is the concentration of data into different
region in phase space of principal components.The data for each group
are well separated as is evident in Fig.11 (a) and (c).The data of hyper-
18
0.0 0.1 0.2 0.3
-0.2
0.0
 C
 HTN
 DM
PC2
PC1
0.0 0.1 0.2 0.3
0.0
0.2
0.4
0.6
 C
 HTN
 DM
PC3
PC1
a b
0.0 0.1 0.2 0.3
-0.1
0.0
0.1
0.2
0.3
 C
 HTN
 DM
PC
2 
+ 
PC
3 
+ 
PC
4
PC1
0.0 0.1 0.2 0.3
0.0
0.1
0.2
0.3
0.4
0.5
 C
 HTN
 DM
PC
2 
+ 
PC
3
PC1
c d
Figure 11: Plot of first principal component PC1 vs a) second component PC2,b) third
component PC3,c) sum of PC2 and PC3 and d) sum of PC2,PC3 and PC4 for subjects
of each group(control C(black), hypertensive HTN(green) and diabetic DM(red))
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tensive group lies in the middle of data for control and diabetic groups
(Fig.11a).In (Fig.11c) the data of each group have distinct region of phase
space with very little overlap.On the other hand,there is considerable over-
lap of points for control and hypertensive groups when the plot of third
principal component (Fig.11b) or (PC2 + PC3 + PC4) (Fig.11d) against
first one.However,the points for diabetic group is well-separated from those
of other group.
Correlation of Fluctuation of Beat Interval
The correlation function (Corr) as defined in Eq.(5) is plotted as a func-
tion of lag m for one subject from each group.The subjects are young
with similar age.In order to examine extent of correlation the RR inter-
vals were randomised by shuffling successively 5 times.Further shuffling
did not change character of correlation of shuffled data. The figure marked
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Figure 12: Correlation function Corr of RR interval fluctuation as a function of lag m.The
points (dot) are calculated data and the continuous curves are line through points.The
red curve is for calculated data and green one for shuffle data
by C ,HTN and DM are respectively for control,hypertensive and diabetic
group.The red line are curve through calculated points and green one is
that through shuffle points.The correlation of shuffled data are all alike
and exhibit random character with near-zero correlation for finite m.The
small fluctuation around zero is related to error. On the other hand,the
correlation of RR fluctuation decays with m and remains finite for appre-
ciable lag.The correlation function for subject of HTN/DM are oscillatory
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in nature.The decay of correlation for HTN case is faster than that for DM
one.The oscillatory decay of the correlation for young control subject is
not apparent.However,for older subject from same group such oscillation
exists.
Discussions and Conclusions
The differences in HRV pattern for three groups were exemplified from
the detail and nonlinear analysis of the Poincare´ parameters and their
derivatives.The changes of cardiovascular regulation due to health disor-
der are reflected in the difference in distribution of parameters.The lagged
Poincare´ plot is found to reveal more effectively the differences in HRV
[25].It has been recognized that nearly eight consecutive of heart beat are
influenced by any given RR interval and this notion triggers the analysis of
lagged plot [22],[21].As SD1 correlates with short term variability of heart
rate and is mainly determined by parasympathetic response,the smaller
value of SD1 for diseased groups indicates weakening of parasympathetic
regulation by health disorder[25].The genesis of hypertension is a complex
interaction of multiple pathophysiologic factors that include increased sym-
pathetic nervous system acivity.It contributes to both the development and
maintenance of hypertension through stimulation of the heart,peripheral
vasculature and kidneys.Autonomic imbalance(increased sympathetic and
decreased parasympathetic tone)is known to be associated with increased
cardiovascular morbidity and mortality.The SD2 (long term variability) is
related more strongly to sympathetic activity than parasympathetic activ-
ity. When the SD2 value decreases,sympathetic activity is increased.The
Poincare´ parameters are increasing function of lagged value m.For large
value of m, SD2 tends to unity as beats very well separated in time are
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not correlated.Important characteristics of growth of these indices turn out
to be slope and curvature for low value of m.Out of these six derived quan-
tities the slope and -in particular curvature of SD12 of three groups differ
significantly.The reduction of the SD12 c with age of the subject is evident
indicating imbalanced ANS activity.The principal component analysis of
the variables provides more information embedded in the lagged Poincare´
plots.The first four PC associated with four significant eigenvalues of the
covariant matrix of data preserve most of the variability of data.The trajec-
tory of PC when plotted with appropriate combination of PC clearly sepa-
rates out three group.It also turns out that the PC which is weighted sum
of original variables is dominated by the variable belonging to SD12.The
correlation of beat interval fluctuation shows that the heart beats are far
from random in character.Oscillatory character of the correlation function
is associated with health disorder.The more detail analysis of correlation
will be treated later in future.
In conclusion, the comparative strength of the Poincare´ indices and
their growth with lag index and thereafter the principal component analysis
might be useful to distinguish normal from pathological HRV. However,our
results need to be validated by a larger representative number of subjects.
Additionally, other studies, including pharmacological and physiological
interventions that affect the autonomic nervous system could be used to
test hypotheses that may establish our findings.
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